Cell type identification from an unknown sample can often be done by comparing its gene 22 expression profile against a gene expression database containing profiles of a large number of 23 cell-types. This type of compendium-based cell-type identification strategy is particularly 24 successful for human and mouse samples because a large volume of data exists for these 25 organisms. However, such rich data repositories often do not exist for most non-model 26 organisms. This makes transcriptome-based sample classification in these species 27 challenging. We propose to overcome this challenge by performing a cross-species 28 compendium comparison. The key is to utilise a recently published cross-species gene set 29 analysis (XGSA) framework to correct for biases that may arise due to potentially complex 30 homologous gene mapping between two species. The framework is implemented as an open 31 source R package called C3. We have evaluated the performance of C3 using a variety of 32 public data in NCBI Gene Expression Omnibus. We also compared the functionality and 33 performance of C3 against some similar gene expression profile matching tools. Our 34 evaluation shows that C3 is a simple and effective method for cell type identification. C3 is 35 available at https://github.com/VCCRI/C3. 36 37 38 set analysis 39 40 41 65
Introduction 42
The key question we seek to address in this article is how can we identify the cell-type of a 43 biological sample given its gene expression profile? This question commonly arises when 44 investigating a novel cell population resulting from differentiation of pluripotent stem cells or 45 isolation of a cell population in a non-model organism. The most popular bioinformatics 46 approach is a compendium-based identification approach, in which the unknown sample's 47 gene expression profile is used as a query profile against a large gene expression 48 compendium consisting of many cell types. A number of tools have been developed to 49 perform such a task, such as GEMINI [1], ProfileChaser [2], ExpressionBlast [3] and 50 CellMortage [4] . All these tools work in a similar fashion: match the query gene expression 51 profile or a gene set against a database of gene expression profiles to identify its best 52 matches. Importantly, most of these tools implicitly assume there is a one-to-one 53 correspondence between genes in the query sample and the compendium sample, which can 54 be violated when comparing data from different species. Beyond supporting filtering for 55 genes with one-to-one homology mapping across species, none of the current tools 56 effectively handle a cross-species query in a statistically rigorous fashion. 57 58 Therefore, when using currently available tools it is important to always use a database of the 59 same species as the query sample. This is often practically impossible because most publicly 60 available data sets are only available for a small number of species. Let's take as an example 61 one of the largest public gene expression repositories, the NCBI Gene Expression Omnibus 62 (GEO) [5] . As of March 2017, there were more than 57,000 GEO series (GSE) generated by 63 microarrays or RNA-Seq. Collectively, these data are a valuable resource for researchers to 64 discover new biological insights. Nonetheless, most of these GSE data sets were generated
In this article, we present a new open source R package -C3that implements this cross-80 species compendium-based cell type identification approach using a recently developed 81 cross-species gene set analysis method called XGSA [6] . XGSA has been shown to reduce 82 the false positive bias while still maintain good statistical power for gene sets affected by 83 highly complex homology structures. Using C3, we can harness the large collection of human 84 and mouse public data as a resource to identify unknown cell types for a wide variety of 85 species. We demonstrate the effectiveness of C3 using a large collection of GEO data. We 86 also compare its performance with other similar tools. C3 is an open source R package for identifying an unknown cell-type from its gene 91 expression profile based on a large compendium of gene expression data that can be derived 92 from different species. A key aspect of this approach is that it is most useful when the 93 compendium represents many different tissue or cell types, preferably from a well-studied 94 organism such as human or mouse. Examples of public data sources that can be used to form 95 this kind of compendium include ENCODE [7, 8] and GTEx [9] . The full description of the 96 method implemented in C3 is described in detail in the rest of this section, but an overview of 97 the framework can be found in Figure 2 . Briefly, C3 first identifies genes considered to be 98 specifically-expressed genes in the query and the compendium profiles, by removing genes 99 ubiquitously expressed across these expression profiles. Next, C3 performs XGSA between 100 the query gene set and each of the compendium gene sets to account for "many-to-many" 101 gene relationships, and thereby determine which compendium gene sets are statistically 102 enriched in the query gene set. A p-value is reported for each compendium sample. The cell-103 types of the most highly ranked compendium gene sets (according to p-value) are then used 104 to predict the cell-type of the query profile. C3 is available at https://github.com/VCCRI/C3. For both mouse and human, we constructed a large compendium of tissue-specific genes 108 using RNA data from the ENCODE project. ENCODE gene expression data, summarised as 109 FPKMs, were obtained for human (hg19; 144 tissues or cell lines) [7] and for mouse (mm9; 110 94 tissues or cell types) [8] . Most tissues or cell types in the ENCODE data set are 111 represented by more than one replicate. We combined replicates of the same tissue or cell 112 type by calculating the mean expression value for each gene. If a compendium is constructed 113 from multiple data sources, we only consider genes that are common among all data sets. Using the compendium data, for each sample in the compendium we identified sets of highly-117 expressed genes that are specific to each sample using two parameters: nthe number of 118 highly expressed genes to consider for marker gene status; tthe proportion of samples a 119 marker gene can appear in before it is discarded as non-unique/non-specific. Using these two 120 parameters we could identify then remove genes that are consistently highly expressed 121 (within the top n highly expressed genes in each sample) in more than t x 100% of samples.
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The goal of this step is to remove ubiquitously expressed genes such as housekeeping genes.
123
The remaining gene sets should be enriched for cell-type specific genes. To identify the 124 highly-expressed specific genes within the query data set, first we identified the top n highly 125 expressed genes. We then removed the ubiquitously expressed genes identified by the 126 compendium from the top n expressed genes. When the query sample species is different 127 from the species used to create the compendium, we use XGSA to identify the homologs of 128 the set of ubiquitously expressed genes for the query cell species. We then remove this set of 129 gene homologs from the query cell top expressed genes. For the comparison with ExpressionBlast, we used brain, kidney and liver sample data sets 143 from the R. norvegicus species [10] . We identified the specific highly expressed genes for 144 each of the sample tissue types using our C3 package by setting parameter values as n = 1000 145 and t = 0.10. Among these specific highly expressed genes, we have selected the top 100 146 expressed genes based on their expression values. We used this set of highly expressed tissue 147 specific genes with log2 expression values as the input to the ExpressionBlast web tool. In 148 this way we have tested each of the three tissue types against both the human and mouse 149 organism using ExpressionBlast. blood, and skeletal muscle). We tested whether C3 could correctly identify the cell type of 160 the samples when compared against a human compendium or a mouse compendium 161 constructed from ENCODE data [7, 8] . For comprehensiveness, we tested two combinations 162 of parameters in C3 (n and t). The summary result is shown in Figure 3 and the detailed 163 results are shown in the Supplementary materials [see Supplementary Tables 1-2] . Overall, 164 baring a few exceptions which will be discussed below, C3 was able to consistently identify 165 the correct or the most closely related cell type across all species (Figure 3) . liver samples ahead of the human kidney samples. As both of these tissues are highly 175 vascularised, it may be that gene expression profiles from blood and blood vessel cells within 176 the kidney samples confound the analysis against the human compendium.
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We also tested three more GSE datasets that contained data from 3 additional species; D. 179 rerio (GSE74754; brain) [11] , T. truncates (GSE78770; blood) [12] , and M. mulatta 180 (GSE53393; skeletal muscle) [13] . Through these analysis C3 correctly identified the cell 181 types of D. rerio brain and T. truncates blood. The M. mulatta skeletal muscle samples were 182 correctly identified by C3 when they compared to the mouse compendium but were not as 183 effectively identified using the human compendium (top hit was heart/tongue sample) ( Figure   184 3). As with the kidney, skeletal muscle is also highly vascularisedand this could be the To compare the performance of ExpressionBlast with C3, we analysed the brain, kidney and 229 liver sample data from R. norvegicus (GSE43013) [10] using both methods, as the rat is one 230 of the eight species supported by ExpressionBlast. For C3, we tested against the human and 231 mouse compendiums with parameter values n=1000 and t=0.10. For ExpressionBlast, we 232 inputted the100 highly expressed tissue specific genes with their log2 (FPKM+1) it can be applied to data from a wide range of organisms, and its R package enables it to be 239 easily incorporated into any analytical pipeline. This work highlights the utility of cross-species analysis in cell-type identification using a 243 gene expression compendium-based approach. This is particularly important when 244 considering that the majority (two thirds) of transcriptomic data in the GEO database is from 245 human and mouse, with the remaining third of data shared between over 1,000 organisms 246 (Figure 1) , most of which have very scant genomic resources. Our aim with C3 was to 247 leverage the many published data sets from the well characterised human and mouse 248 organisms to identify an unknown cell type from a potentially poorly characterised organism.
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Recently we have used this approach to identify that a novel PAX7+ cell population in lizard 251 Anole carolinensis is highly similar to muscle satellite cells in human and mouse [15] . As Overall, we demonstrated that C3 can prioritise identification of the correct corresponding 266 cell type as the most significant hit. We believe C3 should facilitate rapid cell type 267 identification for less characterised species, or for poorly characterised cell types obtained 268 from stem cell differentiation strategies. 
